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ABSTRACT 
While genome wide association studies (GWAS) have identified thousands of 
genetic loci associated with differences in mean values of human quantitative traits 
(QTL), variants associated with variability around the mean remain relatively 
uninvestigated in human populations. Quantitative trait loci associated with trait 
variability (vQTL) may represent direct genetic influence on phenotypic variability, or 
indirect influence due to genetic interaction, imperfect linkage disequilibrium (LD) with a 
causal variant, or haplotype effects. The detection of vQTL can therefore improve our 
understanding of complex traits. The double generalized linear model (DGLM) is one of 
many methods that have been proposed to detect vQTL in human populations. 
A recent whole genome sequence analysis of the Jackson Heart Study (JHS) 
revealed a genotype by sex interaction for fibrin D-Dimer, whereby the effect of variant 
rs2022030 was nearly three times larger in women than in men (Raffield et al., 2017). 
Using the same sample of individuals, the present analysis evaluates the ability of the 
double generalized linear model (DGLM) to detect a vQTL at the locus of known 
interaction. Recommendations for DGLM parameterization, diagnostics, and 
interpretation are provided. Strengths and limitations of the method are discussed in 
comparison to common non-parametric tests for variance heterogeneity. 
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While genome wide association studies (GWAS) have identified thousands of 
genetic loci associated with differences in mean values of human quantitative traits 
(QTL), variants associated with variability around the mean remain relatively 
uninvestigated in human populations. Quantitative trait loci associated with trait variability 
(vQTL) may represent direct genetic influence on phenotypic variability, or indirect 
influence due to genetic interaction, imperfect linkage disequilibrium (LD) with a causal 
variant, or haplotype effects. The detection of vQTL can therefore improve our 
understanding of complex traits. The double generalized linear model (DGLM) is one of 
many methods that have been proposed to detect vQTL in human populations.  
A recent whole genome sequence analysis of the Jackson Heart Study (JHS) 
revealed a genotype by sex interaction for fibrin D-Dimer, whereby the effect of variant 
rs2022030 was nearly three times larger in women than in men (Raffield et al., 2017). 
Using the same sample of individuals, the present analysis evaluates the ability of the 
double generalized linear model (DGLM) to detect a vQTL at the locus of known 
interaction. 
The Introduction section provides an overview of vQTL, proposed methods for 
vQTL detection, previous research findings that inspired this thesis, and a high-level 
description of the analyses in this paper. The Methods section describes the DGLM 
framework and provides a detailed description of five analyses performed. The Results 
section provides model results, diagnostics, and interpretation for each analysis 
performed. The Discussion section reviews key insights gleaned, considers limitations of 
the analyses performed for this paper, and describes next steps. 
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Introduction to variability quantitative trait loci (vQTL) 
Quantitative trait loci associated with trait variability (vQTL) are variants for which 
the variability around the mean trait value differs by genotype (Figure 1). Variants 
associated with trait variability may represent direct genetic influence on phenotypic 
variability, or indirect influence due to genetic interaction (epistatic or environmental), 
imperfect linkage disequilibrium (LD) with a causal variant, or haplotype effects (Figure 
1). Identifying vQTL can therefore improve power to detect genetic interactions and aid 
in fine-mapping QTL.  
Introduction to methods for vQTL detection 
A number of methods have been proposed for the detection of vQTL. These 
methods can be roughly assigned to four categories: full parametric methods, semi-
parametric methods, non-parametric methods (Ronnegard et al., 2012; Ronnegard et al., 
2011). Each class of method and specific method therein holds advantages and 
disadvantages, such that the optimal method for vQTL detection will vary depending 
upon the trait being evaluated, the study design used, and characteristics of the sample 
(Ronnegard et al., 2012). The present analysis evaluates the utility of a fully parametric 
method known as the double generalized linear model (DGLM), which simultaneously 
models mean and dispersion effects using a generalized linear model for the mean and 
a generalized linear sub-model for the dispersion. A detailed description of the DGLM 
framework is provided in the Methods section of this paper. 
Introduction to previous research findings 
The analyses conducted for this thesis were inspired by a recent finding of a 
genotype by sex interaction for plasma D-Dimer in a cohort of 2,980 African Americans 
in the Jackson Heart Study (Raffield et al., 2017). Plasma D-Dimer is a fibrin degradation 
product used in clinical practice as a coagulation-related biomarker (Raffield et al., 
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2017). Elevated D-dimer levels have been associated with disseminated intravascular 
coagulation, deep venous thrombosis, and pulmonary embolism (Adam et al., 2009). 
In a single variant analysis of rs2022030, Raffield et al. demonstrated a 
significant interaction between sex and the number of minor alleles at the locus. The 
effect of each additional minor allele at the locus was nearly three times as large in 
females (β= 0.373, p= 9.06 x 10-13) as in males (β= 0.135, p= 0.06, p-interaction= 0.009) 
(Raffield et al., 2017).  
Raffield et al. replicated this finding in an independent sample of 10,808 multi-
ethnic participants from the Multi-Ethnic Study of Atherosclerosis (MESA), the 
Framingham Heart Study (FHS), and Cardiovascular Health Study (CHS). Successful 
replication in such a large and diverse sample indicates that the finding in JHS of an 
interaction between rs2022030 and sex is unlikely to be a Type I error. 
Given the large effect size demonstrated for the interaction between rs2022030 
and sex, failure to model the interaction should result in heteroscedasticity across the 
genotypes of rs2022030 (a vQTL). This variant is therefore an ideal subject for a proof-
of-concept analysis to assess the ability of DGLM to detect vQTL effects.  
Introduction to present analyses 
The analyses in this paper aim to assess the potential of DGLM for the detection 
of vQTL. The analyses in this paper focus on variant rs2022030 to observe whether 
DGLM will identify a vQTL at a locus of known interaction. Looking forward, the goal 
would be to use DGLM genome-wide as a tool for SNP prioritization. Detected vQTL 
may warrant follow-up analysis to detect the presence of genetic phenomena such as 
gene-environment interaction, epistasis, or haplotype effects. 
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A five-part analysis was conducted to evaluate the ability of DGLM to detect a 
vQTL at the locus of known interaction, rs2022030. Part 1 sought to replicate the finding 
of an interaction between genotype and sex at rs2022030 through the use of a DGLM. 
Part 2 was a preliminary proof-of-concept analysis aimed at detecting a vQTL at 
rs2022030 with a DGLM, using the same covariates as modeled in the founding 
analysis. Part 3 was an extended proof-of-concept analysis which involved the 
development of an extended null model, optimized to assess the presence of a vQTL at 
the locus of known interaction. Part 4 investigated the relationship between vQTL effects 
(significant predictors of the dispersion sub-model) and the modeling of associated 
interaction effects in the mean model. Part 5 aimed to decompose a vQTL effect arising 
from multiple interactions. 
A total of nine DGLM were developed to complete this analysis. Part 1 consists 
of DGLM 1, representing the replication analysis. Part 2 consists of DGLM 2, used to 
execute the preliminary proof-of-concept analysis. Part 3 involves DGLM 3-5, 
representing the development of an optimal null model and the testing for a vQTL effect 
using the optimized parameterization. Part 4 involves DGLM 6-8, which characterize the 
relationships between unmodeled interaction terms in the mean model and significance 
of rs2022030 in the dispersion sub-model. Part 5 consists of DGLM 9. Further 












The generalized linear model (GzLM) 
Generalized linear models (GzLM) can be used to model quantitative trait loci 
(QTL) influencing the mean value of the phenotype. A linear predictor influences the 
mean value of the trait through a link function, � . . In a generalized linear model for 
QTL, 
� = + ��� + ��� +  ��, ��~� , �            
where � = � �� = � �[��|�] ),  is the estimated overall mean trait value within 
sample, �� is genotype at QTL for individual �,  is the estimated effect of genotype, �� is 
a vector of covariate values for individual �, and   is a vector of the estimated effects of 
the covariates. 
The mean of the trait influences the variance of the trait through the variance 
function, such that the variance of the outcome is equal to the overall variance times a 
constant scalar, termed the dispersion parameter. GzLM therefore allow for 
heteroscedastic variance, so long as the variability is a simple function of the mean 
value of the trait (Equation 2). 
var Yi = σ = �� �            
GzLM can be applied for any distribution in the exponential family. The Normal 
GzLM is a special case. For a Normal GzLM, the link function is � �� = �� and the 
variance function is var �� = , representing that the variance is constant with respect 




The double generalized linear model (DGLM) 
The double-generalized linear model (DGLM) offers a full parametric, 
computationally efficient method for detecting variance effects with adjustment for mean 
effects. The DGLM includes a generalized linear model for the mean and a generalized 
linear sub-model for the dispersion (i.e., residual variance). Unlike for a GzLM, the 
dispersion of a DGLM is permitted to be a function of its own linear predictor. The 
dispersion model may optionally consist of fixed effects for genotype and covariates 
relevant to the trait. A double generalized linear model (DGLM) therefore allows for the 
simultaneous estimation of the effect of genotype on both the mean value of a 
quantitative trait and the residual variance. With genotype included as a fixed effect in 
the model for residual variance, a DGLM can be used to assess whether genotype is 
significantly associated with variability about the mean trait value. 
Simultaneous estimation of mean and variance effects is achieved by iterating 
between models until convergence, with adjustment for estimation uncertainty at each 
iteration (Ronnegard et al., 2012). 
� = + ��� + �� +  ��, ��~�( , � exp( ��� + ��))           
where � = � �� = � �[��|�] ), � is genotype for individual �, �� is the residual 
describing a model with separate effects for mean and variance, �� is a vector of 
observed values of nongenetic covariates affecting the mean residual variance,  is a 
vector of effect estimates for non-genetic covariates influencing the residual variance, � 
is the estimated effect of genotype on the residual variance, and  is a vector of effect 
estimates for non-genetic covariates in the dispersion. 
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DGLM may be estimated using maximum likelihood estimation (ML) or restricted 
maximum likelihood estimation (REML). To obtain unbiased estimates of fixed effects in 
the variance of a DGLM, estimation must be done via REML (Lee et al., 2011).  
DGLM diagnostics 
A DGLM consists of two GzLM, one for the mean and one for the dispersion. 
Diagnostic plots are produced for each model within the DGLM. DGLM diagnostic plots 
can be interpreted in the same way as for a standard GzLM to detect problems with 
model fit.   
DGLM inference 
A DGLM produces separate effect estimates for the mean model and the 
dispersion sub-model. For each independent variable in the mean model and the 
dispersion sub-model, respectively, the DGLM estimates an effect size, standard error, 
test statistic, and p-value.  
Inference for the mean model of a DGLM can be interpreted as for any standard 
GzLM. An effect estimate is produced for each predictor included in the mean model. 
Each effect estimate represents the additive change (increase or decrease) in the mean 
value of the outcome associated with a one-unit increase in the predictor. A predictor 
with a p-value below some pre-determined significance threshold is interpreted to be a 
statistically significant predictor of the mean value of the outcome. 
For the dispersion model of a DGLM, the estimated effect of a predictor reflects 
the fold (i.e., multiplicative or log-additive) change in the variance of the residuals 
associated with a one-unit increase in the predictor (Simon et al., 2017). Recall, in a 
DGLM to identify QTL, vQTL, or QTL-vQTL, the residual error of the mean model is 
assumed to be normally distributed with mean zero and variance equal to � exp( ��� +����), where �� is the genotype for individual � at the locus of interest and  is its 
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estimated effect on the residual variance. Assuming an additive genetic model for the 
variance, exp  is interpreted as the fold-change in the variance of the residuals 
associated with one additional minor allele (Simon et al., 2017). 
Foundations of fitted DGLM 
All DGLM fitted in this paper modeled natural log-transformed D-Dimer as the 
outcome. The simple natural log transformation results in approximate normality. The 
founding analysis, which identified the rs2022030 by sex interaction for plasma D-Dimer, 
modeled inverse rank normalized, natural log-transformed plasma D-Dimer as the 
outcome. The analyses in this paper did not employ a rank transformation to normality, 
to maintain the interpretability of effect estimates. 
For all DGLM fitted, the mean of natural log-transformed D-Dimer was modeled 
using a Normal generalized linear model with a log link and dispersion parameters 
estimated via the dispersion sub-model. The dispersion was modeled as a gamma 
generalized linear model with log link and dispersion parameter equal to two. 
To ensure unbiased estimates of fixed effects in the dispersion, all DGLM fitted 
for this paper used REML estimation (Lee and Ronnegard, 2017). All analyses were 
conducted in the R package dglm (Dunn and Smyth, 2015). 
To maintain interpretability of the DGLM, this paper only considers DGLM with 
matching parameterizations for the mean and dispersion models. In other applications of 
DGLM, differing parameterizations of the mean and dispersion models may be 
warranted. 
A description of each analysis and fitted DGLM fitted is provided below. 





The goal of the first analysis performed was to replicate the finding of a genotype 
by sex interaction using a DGLM with homoscedastic residual variance, DGLM 1. A 
DGLM with homoscedastic residual variance is equivalent to a generalized linear model 
fit using the same estimation method. 
In DGLM 1, the mean model was parameterized to match the model fitted in the 
founding analysis (Raffield et al., 2017). As such, it included age, female, ten principal 
components for ancestry, rs2022030, and an interaction between female and 
rs2022030. The dispersion sub-model for DGLM 1 was modeled as constant (~1) to 
represent homoscedastic residual variance. This equates to an intercept-only model for 
the dispersion. 
Proof-of-concept analysis, preliminary 
The second analysis performed was a preliminary proof-of-concept analysis to 
identify a vQTL at the locus of known interaction (rs2022030), using DGLM 2. DGLM 2, 
the first heteroscedastic DGLM fitted, included age, sex, ten principal components for 
ancestry, and rs2022030 in both the mean model and the dispersion sub-model. This 
parameterization matches that of the Raffield et al. analysis, with the exclusion of the 
genotype by sex interaction term. 
The goal of this preliminary analysis was to determine whether failure to 
incorporate the rs2022030 by sex interaction term would produce a vQTL effect for 
rs2022030 in the dispersion sub-model. Effect estimates and p-values were calculated 
for each term in the mean and dispersion models, respectively. A significant effect of 






The third analysis performed was an extended proof-of-concept investigation. 
This third analysis considered additional covariates to the mean and dispersion models, 
as well as previously unmodeled relationships amongst non-genetic covariates. 
As a first step, informative plots of the data were generated to visualize patterns 
between variables (Figures 2-3). Plots were developed to reveal patterns in the mean 
values of D-Dimer, and in the variability about mean values. 
Following data visualization, model selection was performed to identify the most 
appropriate null model. The null model was defined as the DGLM that includes all 
appropriate covariates, but excludes rs2022030. 
The base null DGLM included age, female, and ten principal components for 
ancestry in both the mean and dispersion models, to the exclusion of rs2022030. 
Diagnostic plots for the mean and dispersion models were evaluated to assess the fit of 
the overall DGLM and the appropriateness of the mean and dispersion models, 
respectively. Additional covariates were then considered for simultaneous inclusion in 
the mean and dispersion models. 
Having noted clear trends in D-Dimer levels across age, stratified by genotype at 
the rs2022030 and by sex (Figure #), an age by female interaction term was considered 
for simultaneous inclusion in both the mean and dispersion models (DGLM 3). inclusion 
(DGLM 3). is an extended null DGLM that accounts for an interaction between age and 
sex that was not modeled in the founding analysis (Raffield et al., 2017). An interaction 
between age and sex was simultaneously included in both the mean and dispersion 
models. This null model would be the optimal choice if we were to perform a genome-
wide scan for vQTL associated with plasma D-Dimer values. 
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Subsequently, a variant known to have large effects on D-Dimer values, rs334, 
was considered for inclusion as a precision variable. Raffield et al., 2017 demonstrated 
large effects of the variant rs334, an African ancestry-specific variant associated with 
sickle cell anemia (Raffield et al., 2017). Because rs2022030 and rs334 reside on 
different chromosomes (chromosome 1 and chromosome 11, respectively), they can be 
considered biologically independent predictors of D-Dimer values. Within the sample 
evaluated, the correlation of the minor allele count at these variants was calculated to be 
-0.01. Although rs334 is an ancestry-specific variant associated with African ancestry, no 
association was found between rs334 and the first principal component for ancestry 
(EV1) = . , � = . . 
Having ruled out potential problems with the inclusion of rs334 as a covariate, it 
was considered for inclusion in the extended null DGLM. DGLM 4 included rs334 as a 
precision variable in the mean and dispersion models, in addition to the interaction term 
between age and sex. In both the mean and dispersion models, rs334 genotype was 
modeled as continuous, taking on integer values 0, 1, and 2. 
The parameterization of DGLM 4 represents the ideal null model for the 
interrogation of rs2022030 for potential variance effects (vQTL). DGLM 4 would not be 
appropriate for a genome-wide scan for vQTL effects, however, it could be useful in 
interrogating regions of the genome that are plausibly independent of rs334. Similar 
targeted null models could potentially be developed using other prevision SNPs 
appropriate for different regions of the genome. The appropriateness of DGLM 4 was 
evaluated using diagnostic plots for the mean model and the dispersion model, 
respectively. 
DGLM 5 is equivalent to DGLM 4, but with rs334 genotype considered to be 
categorical. Modeling rs334 as a categorical predictor allows for a non-linear trend in the 
variant’s effect on the mean or dispersion. A plot of covariate-adjusted natural log D-
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Dimer across rs334 genotypes displayed a quadratic trend (Figure #). As such, allowing 
for non-linearity may be appropriate when modeling this variant. 
Having identified the best null DGLM for rs2022030, an alternative DGLM were 
constructed. DGLM 5 represents an alternative DGLM for rs2022030 that could be used 
to detect a vQTL in the absence of prior knowledge of the variant’s interaction with sex. 
Building from the optimized null DGLM, this model allowed us to assess whether DGLM 
can aid in SNP prioritization for follow-up analyses of gene-environment interactions. 
DGLM 5 was an alternative model built upon the optimized null model. DGLM 5, 
which included genotype at rs2022030 as a continuous predictor in the mean and 
dispersion models, such that each bi-allelic SNP (rs2022030 and rs334) took on integer 
values 0, 1, or 2. Diagnostic plots were evaluated to assess the fit of the model. Results 
from DGLM 5 were subsequently interpreted for evidence of a vQTL effect at rs2022030. 
Attenuation analysis 
If a vQTL effect arises as a result of an unmodeled interaction involving genotype 
at the locus, accounting for the interaction in the mean model of a DGLM should 
attenuate the significance of the locus in the dispersion model. As such, an attenuation 
analysis was conducted to assess whether the marginal significance of rs2022030 in the 
dispersion sub-model would be altered by modeling interactions between genotype and 
non-genetic covariates in the mean model alone. With different parameterizations of the 
mean and dispersion models, DGLM 6-8 are exceptions to the rule applied to all other 
DGLM considered in this paper. 
In DGLM 6, the known interaction between rs2022030 and sex was added to the 
mean model. Prompted by the trends in plasma D-Dimer over time, and across sex and 
genotype, DGLM 7and 8 considered the possibility of additional interactions between 
rs2022030 and non-genetic covariates that were not modeled in the founding analysis. 
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DGLM 8 considered a previously-unmodeled, multiplicative interaction between 
rs2022030 and age. Subsequently, DGLM 8 considered the potential for a three-way 
interaction between rs2022030, age, and sex. After the addition of each interaction with 
rs2022030 to the mean model, diagnostic plots and results for the dispersion model 
were reviewed for changes in the significance and effect size of rs2022030. 
Browne-Forsythe test 
When searching for vQTL, authors commonly compare results obtained from 
multiple different methods. The simplest and most commonly-used test to detect 
heteroscedasticity when the outcome is not normally distributed is the nonparametric 
Brown-Forsythe test. 
The Brown–Forsythe test is a nonparametric test for the equality of group 
variances given a single categorical predictor. The test statistic for the Brown-Forsythe 
test is the F statistic derived from a one-way analysis of variance (ANOVA) applied to 
the absolute deviations from the median. 
The Brown-Forsythe test is equivalent to the commonly used Levene’s test for 
homogeneity of variance, but with centering based on the median rather than the mean. 
Centering the data on the median makes the Brown-Forsythe test highly robust to 
departures from normality (Brown and Forsythe, 1974). 
The Brown-Forsythe test was used in a two-stage follow-up analysis to test for a 
vQTL at rs2022030. This test was performed to provide a comparison for the results 
obtained from DGLM. untransformed D-Dimer values were in association with 
untransformed D-Dimer values. 
In the first stage, a simple general linear model was fit. Since we were not interested in 
making inference based on the linear model, untransformed D-Dimer was modeled as 
the outcome. Age, sex, ten principal components for ancestry, and rs334 were included 
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as predictors. In this analysis, rs334 was modeled as a categorical predictor. Residuals 
from the general linear model were extracted for use in the second stage of analysis. 
The density of the residuals from the model resembled a gamma distribution, not unlike 
that of raw D-Dimer. In the second stage of the analysis, the non-normally distributed 
residuals from the linear model in stage 1 were used as the outcome variable in a 




Table 1: Summary of fitted double generalized linear models (DGLM). 
DGLM Model parameterization 
1 � = + �� + � + � + ⋯ + � + +  �� ��~� , �  
2 � =  + �� + � + � + ⋯ + � + +  �� ��~�( , � exp( �� + � + � + ⋯ + � + )) 
3 � = + �� + � + � + ⋯ + � + ��  × � +  �� ��~�( , � exp( �� + � + � + ⋯ + � + ��  × �)) 
4 � = + �� + � + � + ⋯ + � + ��  × � + +  �� ��~�( , � exp( �� + � + � + ⋯ + � + ��  × � + )) 
5 � = + �� + � + � + ⋯ + � + �� ×  � + + +  �� ��~� , � exp �� + � + � + ⋯ + � + ��  × � + +   
6 � = + �� + � + � + ⋯ + � + ��  × � + ++  × � + �� ��~�( , � exp( �� + � + � + ⋯ + � + �� × � + + )) 
7 � = + �� + � + � + ⋯ + � + ��  × � + ++  × � +  × �� + �� ��~�( , � exp( �� + � + � + ⋯ + � + ��  × � + + )) 


























The homoscedastic DGLM successfully replicated the Raffield et al., 2017 finding 
of a genotype by female interaction for natural log-transformed D-Dimer. The interaction 
term was a statistically significant predictor of the mean value of the outcome ( = . , � = . ). With an estimated effect size of 0.17 on the natural log scale, DGLM 1 
estimated the effect of each additional minor allele on mean D-Dimer values to be 1.19 
ug/ml higher in women than in men. Residual plots for the mean model showed an 
acceptable fit (Figure #). For full results of DGLM 1, see Table 2. 
Proof-of-concept analysis, preliminary 
DGLM 2 estimated the effect of rs2022030 on the mean value of plasma D-Dimer 
to be 1.23 ug/ml ( � = .  , � � = . × − . The estimated effect of rs2022030 
in the dispersion model was 0.08 � � = . , representing a 1.08-fold increase 
in the variability of natural log-transformed D-Dimer for each additional minor allele at 
rs2022030. On the original scale (ug/ml), this indicates that the variability of D-Dimer is 
2.96 times higher for each additional minor allele. Despite the positive effect estimate of 
the SNP in the dispersion model, rs2022030 was not a statistically significant predictor in 
the dispersion model, providing no evidence for a vQTL at the locus of known 
interaction, rs2022030 (� � � ,   �  =  . . For full results, see Table 3. 
Proof-of-concept-analysis, extended 
Diagnostic plots for DGLM 3 and 4, our extended null DGLM, each showed 
appropriate fit with the inclusion of the age by sex interaction term and rs334 in both the 
mean and dispersion models. DGLM 4 was selected as the optimal null DGLM. 
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Diagnostic plots for DGLM 5, our alternative DGLM built using null DGLM 4, showed 
similarly adequate fit. 
In DGLM 5, where rs2022030 and rs334 genotypes were modeled as continuous 
in both the mean and dispersion models, the significance of rs2022030 in the dispersion 
model approached nominal significance ( � � ,   �  = .  , � � � ,   �  =. . The relative effect sizes of the predictors in the dispersion model of DGLM 5 
help clarify how genetic and environmental factors combine to influence the variability of 
D-Dimer. The dispersion model indicates that rs2022030, sex, and age increase 
variability of D-Dimer values, while rs334 decreases variability. Rs334’s negative 
dispersion coefficient suggests that it is a consistent predictor of higher mean D-Dimer 
values. In contrast, rs2022030 displayed positive effects on both the mean and 
variability, which indicates that the variant increases D-Dimer in a way that is likely 
modifiable by other factors. While the utility of DGLM for the purposes of detecting vQTL 
will require further investigation, it is encouraging that the DGLM was able to 
characterize the differences between rs2022030 and rs334. For full results of DGLM 5, 
see Table 4. 
Attenuation analysis 
DGLM 6 involved the addition of the rs2022030 by sex interaction term to the 
mean model only. The rs2022030 by sex interaction was not statistically significant in the 
mean model � ,   �  = . , � � ,   �  = . . Nevertheless, the inclusion 
of this interaction in the mean model modestly attenuated the significance of rs2022030 
in the dispersion sub-model � � � ,   �  = . .  
DGLM 7 included two interactions involving rs2022030 in the mean model, 
rs2022030 x sex and rs2022030 by age. The rs2022030 by age interaction was non-
significant � ,   �  = − . , � � ,   �  = . . With the inclusion of the 
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rs2022030 by age interaction, however, the rs2022030 by sex interaction became a 
nominally significant predictor of the mean � ,   �  = . , � � ,   �  =. . The effect of rs2022030 in the dispersion model was only slightly changed by 
the additional inclusion of the rs2022030 by age interaction � � � ,   �  =. , . 
DGLM 8 included a three-way interaction between rs2022030, sex, and age, as 
well as all lower-order interactions. The SNP by sex, SNP by age, and three-way 
interaction were all statistically significant predictors in the mean model � � ,   �  9 =. , . , . × − , respectively). The estimated effect of rs2022030 in the 
dispersion was further attenuated after accounting for all interactions in the mean model 
� � ,   �  9 = . , � � � ,   �  9 = . . 
For full results of DGLM 7-9, see Tables 5-7. 
Brown-Forsythe test 
The two-stage analysis using the Brown-Forsythe test identified a significant 
vQTL effect at rs2022030 (p=0.0194).  This result lends credibility to the evidence for a 





Table 2: Results of replication analysis (DGLM 1). 
Mean Coefficients: Estimate SE t value Pr(>|t|) 
(Intercept) -2.04 0.06 -34.74 3.6E-222 
Age 0.02 0.00 18.01 6.6E-69 
Female 0.24 0.03 8.32 1.3E-16 
rs2022030 0.09 0.05 1.80 0.0720 
EV1 2.92 0.74 3.94 8.2E-05 
EV2 1.36 0.72 1.88 0.0605 
EV3 1.55 0.73 2.12 0.0341 
EV4 1.16 0.71 1.64 0.1003 
EV5 0.82 0.74 1.11 0.2670 
EV6 0.43 0.69 0.62 0.5379 
EV7 -0.32 0.69 -0.46 0.6452 
EV8 0.36 0.69 0.53 0.5987 
EV9 0.63 0.69 0.91 0.3648 
EV10 0.79 0.69 1.13 0.2570 
Female x rs2022030 0.17 0.06 2.71 0.0067 
     
Dispersion Coefficients: Estimate SE z value Pr(>|z|) 
(Intercept) -0.75 0.03 -28.93 4.83E-184 
 
Table 2 footnotes: Homoscedastic DGLM fitted to replicate rs2022030 x sex 
interaction found in Raffield et al., 2017. 
24 
 
Table 3: Results of proof-of-concept analysis, preliminary (DGLM 2) 
 
Mean Coefficients: Estimate SE t value Pr(>|t|) 
(Intercept) -1.97 0.06 -35.87 2.4E-234 
rs2022030  0.21 0.03 7.05 2.3E-12 
Age 0.02 0.00 16.77 2.4E-60 
Female 0.29 0.03 11.01 1.12E-27 
EV1 2.73 0.73 3.73 2.0E-04 
EV2 1.29 0.76 1.69 0.0921 
EV3 1.63 0.61 2.68 0.0074 
EV4 0.95 0.55 1.72 0.0862 
EV5 0.95 0.48 1.97 0.0490 
EV6 0.41 0.45 0.91 0.3614 
EV7 -0.30 0.66 -0.45 0.6522 
EV8 0.20 0.59 0.34 0.7305 
EV9 0.46 0.69 0.66 0.5077 
EV10 1.12 0.81 1.38 0.1669 
 
   Dispersion Coefficients: Estimate SE z value Pr(>|z|) 
(Intercept) -1.22 0.12 -10.17 2.6E-24 
rs2022030  0.08 0.06 1.35 0.1771 
Age 0.01 0.00 4.74 2.2E-06 
Female -0.15 0.05 -2.72 0.0065 
EV1 1.26 1.53 0.83 0.4088 
EV2 1.26 1.64 0.77 0.4429 
EV3 1.89 1.59 1.19 0.2357 
EV4 2.29 1.57 1.46 0.1436 
EV5 2.70 1.66 1.63 0.1041 
EV6 4.53 1.56 2.91 0.0037 
EV7 1.46 1.59 0.92 0.3583 
EV8 -0.43 1.61 -0.27 0.7899 
EV9 1.14 1.58 0.72 0.4705 
EV10 -1.42 1.49 -0.95 0.3401 
EV10 -1.42 1.49 -0.95 0.3401 
Table 3 footnotes: Preliminary proof-of-concept analysis using covariates from 
founding analysis in both the mean model and the dispersion sub-model. The interaction 
between the rs2022030 and female is excluded from both models in order to assess 





Table 4: Results of proof-of-concept analysis, extended (DGLM 5) 
Mean Coefficients: Estimate SE t value Pr(>|t|) 
(Intercept) -2.36 0.09 -27.77 4.6E-151 
rs2022030 0.22 0.03 7.35 2.5E-13 
Age 0.02 0.00 14.47 6.6E-46 
Female 0.87 0.11 8.12 0.0000 
rs334 0.35 0.04 8.35 1.0E-16 
EV1 2.55 0.72 3.56 0.0004 
EV2 1.31 0.74 1.76 0.0781 
EV3 1.47 0.62 2.38 0.0174 
EV4 0.71 0.60 1.18 0.2373 
EV5 0.75 0.46 1.62 0.1058 
EV6 0.40 0.46 0.88 0.3780 
EV7 -0.39 0.68 -0.57 0.5712 
EV8 0.20 0.60 0.33 0.7411 
EV9 0.18 0.71 0.25 0.8001 
EV10 1.13 0.80 1.41 0.1578 
Age x Female -0.01 2.0E-03 -5.52 3.7E-08 
     Dispersion Coefficients: Estimate SE z value Pr(>|z|) 
(Intercept) -1.46 0.18 -7.91 2.5E-15 
rs2022030 0.12 0.06 1.93 0.0533 
Age 0.01 0.00 4.11 3.9E-05 
Female 0.12 0.24 0.49 0.6224 
rs334 -0.11 0.09 -1.19 0.2358 
EV1 1.72 1.53 1.12 0.2613 
EV2 1.09 1.64 0.66 0.5069 
EV3 1.77 1.59 1.11 0.2673 
EV4 1.47 1.57 0.94 0.3488 
EV5 2.79 1.67 1.67 0.0947 
EV6 4.66 1.56 2.99 0.0028 
EV7 1.51 1.59 0.95 0.3409 
EV8 -0.93 1.61 -0.58 0.5641 
EV9 0.66 1.58 0.42 0.6764 
EV10 -1.61 1.49 -1.08 0.2808 
Age x Female -4.6E-03 4.2E-03 -1.10 0.2703 
Table 4 footnotes: Alternative DGLM optimized to detect a vQTL at rs2022030. 
Mean and dispersion models included rs334 as a precision SNP and a term for the 




Table 5: Results of attenuation analysis (DGLM 6) 
Mean Coefficients: Estimate SE t value Pr(>|t|) 
(Intercept) -2.35 0.09 -27.41 1.3E-147 
rs2022030 0.14 0.05 2.66 0.0079 
age 0.02 0.00 14.47 6.5E-46 
female 0.86 0.11 7.92 3.5E-15 
rs334 0.35 0.04 8.28 1.8E-16 
EV1 2.57 0.72 3.59 3.4E-04 
EV2 1.30 0.74 1.75 0.0796 
EV3 1.48 0.61 2.41 0.0160 
EV4 0.73 0.59 1.23 0.2189 
EV5 0.75 0.46 1.62 0.1048 
EV6 0.38 0.48 0.80 0.4257 
EV7 -0.39 0.68 -0.58 0.5627 
EV8 0.22 0.60 0.37 0.7111 
EV9 0.22 0.71 0.31 0.7546 
EV10 1.15 0.79 1.45 0.1467 
Age x Female -0.01 0.00 -5.55 3.0E-08 
rs2022030 x Female 0.11 0.06 1.82 0.0686 
 
    Dispersion Coefficients: Estimate SE z value Pr(>|z|) 
(Intercept) -1.43 0.18 -7.73 1.04E-14 
rs2022030 0.11 0.06 1.77 0.0771 
Age 0.01 0.00 3.93 8.5E-05 
Female 0.08 0.24 0.34 0.7326 
rs334 -0.11 0.09 -1.18 0.2374 
EV1 1.74 1.53 1.14 0.2550 
EV2 1.11 1.64 0.67 0.5006 
EV3 1.80 1.60 1.13 0.2596 
EV4 1.52 1.57 0.97 0.3310 
EV5 2.94 1.67 1.76 0.0777 
EV6 4.24 1.56 2.72 0.0065 
EV7 1.57 1.59 0.99 0.3217 
EV8 -1.12 1.61 -0.70 0.4853 
EV9 0.69 1.58 0.44 0.6622 
EV10 -1.50 1.49 -1.01 0.3130 
Age x Female 0.00 0.00 -0.94 0.3469 
Table 5 footnotes: Results after the addition of rs2022030 x female interaction 
to mean model.  
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Table 6: Results of attenuation analysis (DGLM 7) 
Mean Coefficients: Estimate SE t value Pr(>|t|) 
(Intercept) -2.38 0.09 -27.13 6.5E-145 
rs2022030 0.33 0.13 2.64 8.2E-03 
Age 0.02 0.00 14.48 5.5E-46 
Female 0.85 0.11 7.85 5.9E-15 
rs334 0.35 0.04 8.31 1.4E-16 
EV1 2.53 0.72 3.51 4.6E-04 
EV2 1.31 0.74 1.77 7.7E-02 
EV3 1.45 0.62 2.34 0.0191 
EV4 0.66 0.59 1.12 0.2642 
EV5 0.74 0.47 1.59 0.1119 
EV6 0.37 0.49 0.77 0.4420 
EV7 -0.38 0.68 -0.56 0.5727 
EV8 0.20 0.60 0.34 0.7374 
EV9 0.20 0.71 0.28 0.7773 
EV10 1.12 0.79 1.41 0.1579 
Age x Female -0.01 0.00 -5.48 0.0000 
rs2022030 x Female 0.12 0.06 1.96 5.0E-02 
rs2022030 x Age -3.7E-03 2.2E-03 -1.69 0.0907 
 
  Dispersion Coefficients: Estimate SE z value Pr(>|z|) 
(Intercept) -1.44 0.18 -7.80 6.29E-15 
rs2022030 0.11 0.06 1.75 0.0800 
Age 0.01 0.00 3.97 7.1E-05 
Female 0.11 0.24 0.46 0.6459 
rs334 -0.11 0.09 -1.19 0.2339 
EV1 1.49 1.53 0.98 0.3288 
EV2 1.08 1.64 0.66 0.5103 
EV3 1.69 1.60 1.06 0.2905 
EV4 1.59 1.57 1.01 0.3109 
EV5 2.84 1.67 1.70 0.0888 
EV6 4.16 1.56 2.66 0.0078 
EV7 1.58 1.59 0.99 0.3209 
EV8 -1.17 1.61 -0.72 0.4686 
EV9 0.63 1.58 0.40 0.6885 
EV10 -1.50 1.49 -1.00 0.3158 
Age x Female -4.3E-03 4.2E-03 -1.03 0.3026 
Table 6 footnotes: Results after the addition of rs2022030 x female and 
rs2022030 x age interactions to mean model.  
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Table 7: Results of attenuation analysis (DGLM 8) 
Mean Coefficients Estimate SE t value Pr(>|t|) 
(Intercept) -2.47 0.09 -26.57 1.0E-139 
rs2022030  0.83 0.21 3.86 1.2E-04 
Age 0.02 0.00 14.60 1.1E-46 
Female 0.98 0.12 8.35 1.1E-16 
rs334  0.35 0.04 8.34 1.1E-16 
EV1 2.50 0.72 3.48 0.0005 
EV2 1.32 0.74 1.79 0.0736 
EV3 1.48 0.62 2.40 0.0163 
EV4 0.60 0.57 1.05 0.2955 
EV5 0.72 0.46 1.55 0.1204 
EV6 0.35 0.49 0.72 0.4741 
EV7 -0.38 0.69 -0.55 0.5841 
EV8 0.19 0.60 0.32 0.7486 
EV9 0.17 0.71 0.23 0.8151 
EV10 1.06 0.79 1.34 0.1817 
Age x Female -0.01 0.00 -6.17 7.8E-10 
rs2022030 x Female -0.59 0.26 -2.28 0.0228 
rs2022030 x Age -0.01 4.0E-03 -3.31 0.0009 
rs2022030 x Female x Age 0.01 4.7E-03 2.84 4.6E-03 
     Dispersion Coefficients Estimate SE z value Pr(>|z|) 
(Intercept) -1.45 0.18 -7.83 4.8E-15 
rs2022030  0.10 0.06 1.62 0.1059 
Age 0.01 0.00 3.99 6.6E-05 
Female 0.11 0.24 0.44 0.6573 
rs334  -0.10 0.09 -1.10 0.2717 
EV1 1.37 1.53 0.90 0.3699 
EV2 1.12 1.64 0.68 0.4948 
EV3 1.69 1.60 1.06 0.2900 
EV4 1.79 1.58 1.13 0.2567 
EV5 2.94 1.67 1.76 0.0776 
EV6 4.12 1.57 2.63 0.0086 
EV7 1.56 1.59 0.98 0.3266 
EV8 -1.22 1.61 -0.76 0.4468 
EV9 0.54 1.58 0.34 0.7313 
EV10 -1.59 1.49 -1.06 0.2874 
Age x Female -4.2E-03 4.2E-03 -0.99 0.3198 
Table 7 footnotes: Results after the addition of rs2022030 x female, rs2022030 






























The analyses in this paper demonstrate that DGLM can be used to better 
understand the sources of heteroscedasticity in a study. In DGLM 2, which included age, 
sex, ten principal components for ancestry, and rs2022030, we found no evidence for a 
vQTL at the locus of known interaction � � � = . . In DGLM 5, which 
accounted for the interaction of age and sex in both the mean and dispersion model, 
rs2022030 remained non-significant in the dispersion model � � � = . .  
The analyses discussed in this paper focused on the modeling of genotype as 
continuous in both the mean model and the dispersion sub-model. By modeling 
genotype in this way, we are assuming that the number of minor alleles is linearly 
associated with both the mean of the outcome and the variability about the mean. Future 
analyses will consider the parameterization of genotype as categorical, in only the 
dispersion sub-model, and in both the mean and dispersion models. 
In the analyses in this paper, accounting for the interaction of age and sex in the 
mean and dispersion models resulted in a lower p-value for the significance of 
rs2022030 in the dispersion sub-model. In the future, simulation studies may be useful to 
evaluate the impact of unmodeled non-genetic interactions on power to detect vQTL. 
 The analyses in this paper had several limitations. This analysis was based on a 
relatively small sample. The use of principal components for ancestry did not account for 
potential relatedness, documented or undocumented within the study. Furthermore, 
given that the sample in this study is admixed, there may be more powerful ways for 
adjusting for both relatedness and ancestry than the use of standard PCA. One potential 






The analyses presented in this paper focused on a single variant (rs2022030), 
however, DGLM holds potential for use in genome-wide scans for vQTL. Formal 
simulation studies will be an important next step. Priorities for future analyses include the 
assessment of power to detect vQTL on a genome-wide scale, the sensitivity of DGLM 
to distributional assumptions, and the development of best practices for the 
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Code and results for analysis using genotype as a categorical predictor 
lm03<-lm(D_Dimer_ug_ml~age+female+EV1+EV2+EV3+EV4+EV5+ 
EV6+EV7+EV8+EV9+EV10+  as.factor(rs334), data=data.ALL) 
data.ALL$resid.lm03<-resid(lm03) 
BrownForsythe03<-leveneTest(resid.lm03 ~ as.factor(rs2022030), 
data=data.ALL, center=median) 
BrownForsythe03 
# Levene's Test for Homogeneity of Variance (center = median) 
#        Df F value  Pr(>F)   
# group    2  3.9473 0.01941 * 
#       2976 
Call: dglm(formula = Ln.DDimer ~ as.factor(rs2022030) + age + female +  
    age * female + as.factor(rs334) + EV1 + EV2 + EV3 + EV4 +  
    EV5 + EV6 + EV7 + EV8 + EV9 + EV10, dformula = 
~as.factor(rs2022030) +  
    age + female + age * female + as.factor(rs334) + EV1 + EV2 +  
    EV3 + EV4 + EV5 + EV6 + EV7 + EV8 + EV9 + EV10, family = 
stats::gaussian,  




                         Estimate  Std. Error     t value      Pr(>|t|) 
(Intercept)           -2.36580624 0.084875112 -27.8739689 4.853203e-152 
as.factor(rs2022030)1  0.22481300 0.033770320   6.6571178  3.315071e-11 
as.factor(rs2022030)2  0.39646385 0.104397962   3.7976206  1.490251e-04 
age                    0.02271618 0.001562375  14.5395168  2.585300e-46 
female                 0.86756600 0.107156432   8.0962569  8.191926e-16 
as.factor(rs334)1      0.32982751 0.042279688   7.8010866  8.440266e-15 
as.factor(rs334)2      1.69655644 0.246494864   6.8827253  7.138498e-12 
EV1                    2.55650782 0.718184480   3.5596812  3.771439e-04 
EV2                    1.30243348 0.733392131   1.7759033  7.585154e-02 
EV3                    1.48728580 0.616841282   2.4111321  1.596361e-02 
EV4                    0.70845888 0.600413049   1.1799525  2.381139e-01 
EV5                    0.76409901 0.461667789   1.6550841  9.801342e-02 
EV6                    0.42285494 0.455643960   0.9280381  3.534635e-01 
EV7                   -0.37015576 0.681714524  -0.5429777  5.871860e-01 
EV8                    0.21202525 0.601150701   0.3526990  7.243392e-01 
EV9                    0.17924863 0.711451016   0.2519480  8.010988e-01 
EV10                   1.13587461 0.800162288   1.4195553  1.558425e-01 
age:female            -0.01072036 0.001956021  -5.4806996  4.592299e-08 
(Dispersion Parameters for gaussian family estimated as below ) 
 
    Scaled Null Deviance: 3628.5 on 2978 degrees of freedom 





                         Estimate  Std. Error    z value     Pr(>|z|) 
(Intercept)           -1.47925385 0.184611080 -8.0128119 1.121151e-15 
as.factor(rs2022030)1  0.15181931 0.068858166  2.2048120 2.746729e-02 
as.factor(rs2022030)2  0.04053214 0.230195456  0.1760771 8.602334e-01 
age                    0.01369745 0.003264688  4.1956378 2.721048e-05 
female                 0.13884366 0.236943449  0.5859780 5.578903e-01 
as.factor(rs334)1     -0.15245811 0.094404444 -1.6149463 1.063223e-01 
as.factor(rs334)2     -1.21438640 1.985794447 -0.6115368 5.408443e-01 
EV1                    1.58555469 1.529112554  1.0369117 2.997770e-01 
EV2                    1.03388740 1.645143105  0.6284483 5.297103e-01 
EV3                    1.82587545 1.594756821  1.1449241 2.522406e-01 
EV4                    1.48955190 1.566736059  0.9507357 3.417386e-01 
EV5                    2.83663265 1.667434872  1.7011955 8.890629e-02 
EV6                    4.71881975 1.564945829  3.0153247 2.567043e-03 
EV7                    1.49558251 1.587405883  0.9421551 3.461133e-01 
EV8                   -0.92126576 1.606883369 -0.5733246 5.664249e-01 
EV9                    0.63206032 1.576128989  0.4010207 6.884049e-01 
EV10                  -1.62579729 1.490131650 -1.0910427 2.752541e-01 
age:female            -0.00493932 0.004179313 -1.1818497 2.372653e-01 
(Dispersion parameter for Gamma family taken to be 2 ) 
 
    Scaled Null Deviance: 4483.541 on 2978 degrees of freedom 
Scaled Residual Deviance: 4419.793 on 2961 degrees of freedom 
 
Minus Twice the Log-Likelihood: 6073.687  



















Table #: Summary statistics for age by sex and rs2022030 genotype 
 
Sex, genotype N Min Mean Median Max 
Male, homozygous major 926 21.2 55.0 55.2 89.1 
Male, heterozygous 194 22.6 53.9 55.2 93.1 
Male, homozygous minor 9 38.0 56.5 58.9 70.6 
Female, homozygous 
major 
1,482 20.6 55.4 56.0 91.6 
Female, heterozygous 336 21.6 56.9 58.3 85.6 
Female, homozygous 
minor 







Figure #: Distribution of age by sex and genotype. 
 Number of minor alleles at rs2022030 


















Figure #: Distribution of age by rs2022030 genotype and sex. 
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